Land cover has been evaluated and classified on the basis of general features using reflectance or digital levels of photographic or satellite data. One of the most common methodologies based on CORINE land cover (Coordination of Information on the Environment) data, which classifies natural cover according to a small number of categories. This method produces generalizations about the inventoried areas, resulting in the loss of important floristic and structural information about vegetation types present (such as palm groves, tall dense mangroves, and dense forests).
Introduction
In the 19th century, important theoretical contributions to biological science by E.
Haeckel, T. R. Malthus, and C. Darwin led to one of its main divisions, autecology (the ecology of individual organisms or species), which subsequently influenced the Anglo-American school in the development of gradient analysis, one of two principal quantitative approaches in ecology (Jongman et al., 1995) . The related biological division, synecology (the ecology of communities), was a school developed on the basis of the geography of plants and on contributions to their classification based on a physiognomic model (Humboldt, 1805 (Humboldt, , 1807 . These new sources of information generated a method known today as phytosociology, which classifies vegetation according to its floristic composition. Phytosociological analysis became recognized as the second major quantitative approach in community ecology (Braun Blanquet, 1964) . With the influence of these two methodologies (autecological and synecological), a close connection between vegetation and geography was established. This connection, aided by the development of statistics, produced new analytical tools that were gradually implemented in vegetation studies, notably in landscape ecology in Germany and Great Britain during the 20th century (Jongman et al., 1995) .
Today, biology and ecological relationships are again a source of inspiration in creating useful complex models in different scientific areas. Along with this relatively new modeling type based on biological complexity has arisen the concept of fuzzy logic, which has been mainly associated with high-precision decision making when only parts of the processes or phenomena to be evaluated are known. The power of multivariate statistical models to synthesize, and the flexibility, versatility, and accuracy of fuzzy logic models, allow them to be powerful tools for evaluating distribution characteristics of vegetation patterns. One of the biggest obstacles 3 encountered, however, is the lack of adequate detailed information on complex relationships between plant species and geophysical variables. Nevertheless, it is currently possible to combine valuable local information generated by vegetation analyses with geophysical variables taken from satellite data. The aim is to fill information gaps in forest coverage models, which is essential in regional development.
Notable advances in the quantification of deforestation and the gain or loss of forest coverage in the pantropics are not currently being discussed (Hansen et al., 2013; Kim et al., 2015) . For this study we conducted a multivariate analysis of species distribution across environmental gradients in a region located in southwestern Colombia. Species dominance data (according to their biomass records) were combined with geographical distribution patterns of the arboreal vegetation and its many variants. Parameters of the groups and species positioned along the various environmental axes resulting from this multivariate analysis were incorporated in cartographic distribution models (fuzzy logic) for both 1987 and 2011. Comparison of the study areas during these two time periods generated deforestation measurements, as well as degradation and recovery data for the region. When we compared our results with those of the Global Forest Change (GFC) study during 2000-2013 (Hansen et al., 2013) , we saw large discrepancies. This is noteworthy because deforestation and degradation data from the GFC initiative are widely accepted as accurate by governmental and academic entities worldwide. We contend that the discrepancies are due to a lack of information for evaluating the region, the need to incorporate degradation processes in the analyses, failure to recognize the main agents causing deforestation, and limited knowledge of vegetation patterns where evaluated impacts are generated. As a consequence, unsuitable methodologies are chosen (e.g., by Sánchez et al., 2012 , for Colombia and by Aide et al., 2013 , for Latin America and the Caribbean). The results presented here show that the total gross transformation (loss) reported for the evaluated region (gross deforestation of 18,390.85 ha year -1 and gross degradation of 8,258.51 ha year -1 ) was 26,649.36 ha year -1 , with a net loss of 10,150.56 ha year -1 . In contrast, annual gross deforestation based on data provided by Hansen et al. (2013) for the period 2000-2010 is around 9,405 ha. The pantropic results of Kim et al. (2015) show a strong correlation with Hansen et al. (2013) , which thus also represent an underestimation. We are concerned about deforestation information used as baselines for initiatives such as REDD+ (Reduced Emissions from Deforestation and Forest Degradation), or vegetal formations (s.l.) as well as forests, agricultural land, livestock areas, and scrubland.
Regional distribution of vegetation types, using canonical correspondence analysis
The methodology we propose is based on extensive data on vegetation, flora, and coverages with anthropic origins; on secondary information calibrated for the study region; and on physical data derived from both the digital elevation model (SRTM 30 m; USGS, 2004) and the calibrated precipitation model. Structural and floristic information was taken from Rangel et al. (2010) , Estupiñan et al. (2011) , Rangel & Avella (2011) and Avella & Rangel (2012) , which, along with wood density information (Vásquez & Arellano, 2012) , was used to develop biomass matrices. The biomass information was divided into two matrices. The first contained information from well-developed forests in superhumid to semihumid climates, including data from 62 plots, 703 species, and 14 vegetation types; the second included forests in less-humid (dry) climates, with data from 50 plots, 309 species, and 14 vegetation types. Tables 1 and 2 present information on plots and vegetation types analyzed; Fig. 2 shows the organization of vegetation types.
Vásquez and Arellano (2012), in a previous ordination analysis on part of the study area (45 plots in southern and western Córdoba), determined using detrended correspondence analysis (DCA) that the species distribution exhibited nonlinear characteristics (gradient segments). On the basis of this evidence we generated a direct gradient analysis by CCA (Canonical Correspondence Analysis), which indicated important relationships among species, plots, and environmental variables applicable to localities with conditions similar to the ones analyzed in this study.
Twenty-one physical and environmental variables were analyzed in seven groups of three in order to relate each of them to the ordination axis (three dimensions) and eliminate collinearity among variables (Arellano & Rangel, 2009 . Combinations of variables that best explained data variability were (1) altitude, slope, and magnesium; (2) precipitation, iron, and sodium; and (3) altitude, pH, and phosphorus. However, because of their limited spatial representation, new variables that met the necessary requirements of the model-altitude, TCI, slope, and directionhad to be defined, as they come from different methods that we applied to the digital elevation USGS, 2004) . Annual precipitation data were also included in the analysis after calibration, filtration, and re-scaling. We can reliably arrange the data for any variable, especially when the regressions exhibit good dispersions and the eigenvalues are above 0.5 (Jongman et al., 1995) .
We calculated orthogonal projections of optimal plots on each environmental gradient vector, which were re-projected on the X-, Y-, and Z-axes, respectively. To precisely define plot distributions using actual gradient values, we calibrated the ordination outcomes using multiple linear regression, based on the exclusive species' values. To build the matrix of physical and environmental variables we considered aspects such as collinearity, length of the analyzed gradient (for species and plots), relation of the data with their spatial representations, and information acquired from similar studies.
The CCA iterative process
The iterative process consists of repeating, for each axis, the weighted-average algorithm and data typification (standardization and normalization) until the differences between one process and the other are minimal or null (ter Braak, 1986; Jongman et al., 1995) . This process consists of arranging on the first axis species and sites with maximum correlation between the weighted records (Gauch, 1982; Pielou, 1984) . Values of environmental variables are analyzed using multiple regression. For subsequent axes, maximum correlation among records (which are orthogonal to one another) was again sought. Values associated with each axis represent the correlation coefficient between the weights of species and sites, with 1 (one) being the maximum value. Ter Braak (1986) and Jongman et al. (1995) discussed typification (mean 0 and variance 1), maximum correlations, regression, orthogonalization of the axes, and standardization.
In figures implementation of the CCA, plot values were extracted from species records by means of the weighted-average algorithm (WA). Another option was to derive plot values from the linear combination of environmental variables. However, in this method plot values would be predictions of a simple regression, rather than resulting from observed elements, that is, from the species compositions of the plots. This result drastically changes the location of plots in the studied gradient (Palmer, 1993) . When variables are standardized, the covariance is reduced to the correlation coefficient equivalent to the scale constructed by two vectors of norm 1 (one).
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When several vectors are considered, linear dependence sets the number of important variables (collinearity).
Orthogonalization and calibration
Because CCA results are usually given in standardized values that are difficult to read in three dimensions, we employed a new approach to analyzing vegetation: the orthogonalization and calibration of real values, which result in better visualization and incorporation into the vegetation-type models. We achieved this result by means of a multiple linear regression.
Orthogonalization of plot records determined precise distances between the minimum and maximum optimums of certain vegetation types, whereas orthogonalization of species records determined the deviations from species optimums, and as well as the corresponding value of the real gradient, using exclusive species, with the goal of calibrating the remaining results to real values.
Basis for the classification model using fuzzy logic
Results obtained through CCA using altitudinal gradients, TCI, direction-aspect, and precipitation were the basis for construction of the potential (expected) vegetation model for the specific region. To obtain an accurate map of the distribution of true vegetation types present (whose patterns were determined by phytosociological analysis), we input information on general coverage classifications, such as primary and secondary forests and low and high shrubland (general classification or coverage). For general coverage classifications, we combined the supervised classification with visually corrected results. In addition, training surfaces (spectral seeds) were generated to reclassify pixels with similar characteristics.
We used the r.terraflow algorithm (GRASS 6.4) to calculate flow, accumulation, fill, TCI, and watersheds. The TCI describes regional patterns of soil moisture using a simple logarithmic regression between total contribution of the slopes to the specific area and the angle of each pixel with respect to the area. Sites with lower indices or less convergence are less humid than those with higher values (Lookingbill et al., 2005) . 
Reclassification of images using fuzzy logic
Fuzzy logic makes it possible to describe complex realities, including untangling confusing signals from any classification source. The process involves constructing membership functions that explain the statistical distribution of data in the sampled space, as well as their probability of "occurrence" in a frequency range between 0 and 1. One of the great strengths of this method is the complete lack of detailed mathematical equations; instead, curves are described using data such as limits, means, standard deviations, or simply knowledge acquired in the field about potential species distributions. Data from input signals, such as those corresponding to the classes of supervised classification, generate a fuzzy set when related to the membership functions. The signal (datum) acquires a value of 1 (one) when related 100% with a function that describes certain behavior, and 0 (zero) in the opposite case. Values between 0 and 1 are also allowed and define the degree of membership of the values to one or another class of fuzzy shape.
Using this technique, we compiled detailed information based on plots, knowledge acquired in the field, and secondary sources. This increased our understanding of transition zones because, unlike other regions (e.g., the páramo), the forested areas are easily observed. We used this method to accomplish multiple objectives, including distinguishing vegetation and coverage patterns objectively in apparently homogenous sites or in those with similar radiometric characteristics, as in the cases of Landsat coverages previously classified by traditional methods.
The application of fuzzy logic is also useful in solving resolution problems when a very detailed sample exists (such as in Quickbird, WorldView-2, or IKONOS images) and information for surrounding regions needs to be amplified.
For the construction of fuzzy datasets, we used trapezoidal membership functions (trapmf) to describe the behavior of the classes derived from supervised classification with visual correction. Because of the mixture of signals and the classification of shadows and light, some resulting classes were synthesized in the same membership function; for example, the different signals that identify the forest itself were grouped into a single function, with the intention of separating major constituents by evaluating other model inputs. Gaussian curve model 2 (gauss2mf) explained the membership functions of the altitudinal signal used to describe the distribution of vegetation types along the altitudinal gradient. This step allowed us to generate greater amplitude in the signal response function and an adequate representation of vegetation limits. The behavior of vegetation in some places with steep escarpment (slopes) or with some degree of incline, as well as the description of their relationship with the direction-aspect, the TCI, and precipitation, were modeled with functions (gauss2mf).
Coverage-model validation
The error measurement in the model defines the level of imprecision in field records, as well as the inaccuracy of cartographic results. The ordination method using CCA is very useful in detecting known position error in the records, as it is very sensitive to regional inconsistencies in the environmental gradients evaluated. In other words, the wrong position of a plot in the sampled space usually produces ambiguous results for the position of the species records and consequently of the plots on the environmental gradients of the analysis. Because coverage models and vegetation types contain information that is in most cases continuous and transitional, the error calculation and consequently their validation can be difficult. To partially solve this difficulty, we stress the importance of specific points of observation and their interpretation, including those reported by other researchers.
After ensuring quality control of inputs and minimization of precision errors, we subjected the results obtained through modeling using fuzzy logic to tests of concordance using
Cohen's kappa coefficient (Cohen, 1960; Fleiss et al., 1969; Foote & Huebner, 1995) and of receiver operating characterics (ROC), which measure the quality of the model (Slaby, 2007 , Cardillo, 2008 .
Results
Because of the particular climatic conditions of the study region, plot records were explored according to data on climatic affinity (to humid and dry climates), altitudinal gradient, and classification of vegetation reported for the following forest types in the cited studies: the southern humid forests of Córdoba (Avella & Rangel, 2012; Arellano & Vásquez, 2012) , the flooded forests of Paramillo National Park (Estupiñan et al., 2011) , the Quercus humboldtii forests of the Colombian Caribbean region (Rangel & Avella, 2011) , and the humid and dry 10 forests surrounding the Caribbean wetland complexes The best results in the study for the three axes evaluated were obtained using a combination of the variables precipitation, altitude, and slope for tropical forests in superhumid to semihumid climates, with the inclusion of a group in a transitional humid-to-dry climate.
Location corrections were made by approximation and calibration. Centered values of relative biomass of 703 species grouped in 62 plots for these formations had a total variance of 31.37.
They combined the highest eigenvalues with low probabilities of committing a type I error with regard to the null hypotheses H0 (1) and H0 (2), according to the random tests.
The eigenvalue for the first ordination axis was 0.907 and the maximum value of the random simulations was 0.693, with a probability of p = 0.001; therefore H0 (1) was rejected. The explained variance was 2.9%. The Pearson correlation between matrices was 0.987. According to the Monte Carlo test, the maximum value of the different iterations of the model was 0.986, p = 0.001, meaning that H0 (2) was rejected. The variable correlated with this axis was precipitation, and it was chosen for the final orthogonalization and calibration. For axis 2, the eigenvalue was 0.829, and the random simulation registered a maximum eigenvalue of 0.601; thus H0 (1) was rejected. The explained variance was 2.6%, and the cumulative variance was 5.5%. The Pearson correlation between matrices was 0.977, and the simulated ordinations using the Monte Carlo test showed a maximum correlation of 0.969; thus H0 (2) was rejected. The variable correlated with the axis was altitude, and it was chosen for orthogonalization and calibration.
For axis 3, the registered eigenvalue was 0.59, and the maximum value of the random simulations was 0.545; thus H0 (1) (Table 1) . At the association level, the clusters were more dispersed, as is the case in nature. The only group showing apparently high plasticity along the gradients was the association Jacarando copaiae-Pouterietum multiflorae (BHtf2/Jco-Pmu) in plots SC-7
and SC-8. This plasticity may be due to the fact that several taxa in this community had pioneer features (i.e., faster growth, bigger leaves, light wood) (Aymard, 2015, pers. comm.) The redundancy and dominance of Dipterix oleifera, Cariniana pyriformis, Cavallinesia platinifolia, Jacaranda copaia, Astronium graveolens, Astrocaryum malybo, Castilla elastica, and Dialium guianense, among others, are evidence of the relationship between the Cariniano pyriformis-Pentaplarietum doroteae (Bmhtf2/Cpy-Pdo) and Protio aracouchini-Viroletum elongatae (BHmhtf1/Par-Vel) associations. The vegetation types with lower plasticity occur along all gradients, although with higher concentrations at lower altitudes and in areas with lower precipitation. CCA was used to explore the shape that a vegetation pattern acquires in the distribution of species' abundance and their corresponding plots (biomass) in a given territory.
To achieve the results in the actual gradient values, CCA weights were orthogonalized (Supplementary Fig. 1 A and B) . A Multiple linear regressions were used to allocate the optimal CCA values projected for the plots over the actual gradients. Fig. 4 shows the real values of the optimal vegetation types in dry climates as well as the standard deviation of their characteristic species.
Image-classification model using fuzzy logic vegetation and other coverages
The model of precipitation distribution and plot locations can be observed in Supplementary Fig. 4 . To construct the model we incorporated the digital elevation model, using the v.vol.rst algorithm of GRASS 6.4, to enhance phenomena like rain shadows. Other cartographic inputs used in this modeling process are shown in Supplementary Figs . 5 to 10.
Coverage-classification models that incorporated information from the 1980s and the first decade of the 21st century used distribution curves that were obtained from ordination and were structured in six entries, with 94 membership functions and 64 possible answers.
The resulting values were rounded to the lower limit mainly because of the design of the 
Coverage-model validation
Cohen's kappa analysis of reliability and credibility and ROC quality analysis showed that coverage maps for the region constructed by fuzzy logic methodology were of high accuracy and quality, is shown in Fig. 7 . The kappa value was 0.95, and the area under the ROC curve was 0.88. Because the fuzzy logic process is based on CCA ordination records that estimate optimal values for the plots, based on all species' abundance numbers, and because the method for solving fuzzy sets selects the maximum probability of occurrence of a determined coverage limited by the optimal exclusive and elective characteristic species, one would expect a significant amount of confusion in the classification of transitional or border zones and of smaller fragments, but greater accuracy for vegetation types with wide distribution and little fragmentation, primarily as a result of the effects of the probability distribution.
Discussion
The fuzzy method allowed us to find and fix inconsistencies in the geographical location of the plots, especially when information from other researchers was used. For example, the locations of plots PNP-4, PNP-6, and PNP-8 published by Estupiñan et al. (2011) included inconsistencies in the seconds reported, which were recalculated to obtain correct values. It is important to calibrate information on regional locations of plots when necessary. Otherwise, the lowest values of orthogonalization data for plots and species may be negative for a given gradient, indicating problems and inconsistencies in the location of some of the inputs used in the ordination.
Additionally, during the process of data exploration analysis, we noted that it was necessary to try various arrangements of information to find the ordination structure that represented the study area with greatest precision. This precision was achieved when the eigenvalues were increased in the evaluated matrices, considerably reducing the probability of committing type I error and of obtaining negative values in the records of calibrated gradients (with real values expressed). This study concluded that CCA, applied to the separation between gradients (i.e., humid and dry) and to the group of all plots, did not respond better to the statistical treatment applied. It is important to mention that for the group of all plots, the highest value was recorded for a type I error for H0 (2) (p = 0.99) and for the combination of the variables slope, TCI, and direction. This was due to the lack of transitional groups; this lack, along with data located at the extremes of the gradients, limited the dispersion of data along the axes, causing a decrease in values in the matrices as well as an increased probability of committing a type I error.
In general, results showed that the variables precipitation, altitude, and TCI matched well with observations in the field, whereas slope and direction generated some questions, which were taken into account in the modeling processes. The standard deviation used was that of the characteristic, exclusive, and elective species according to the phytosociological method.
Comparing gross historical deforestation and coverage degradation for the region
between 1987 and 2010, using data from Hansen et al. (2013) Results of this study were compared with those reported by Hansen et al. (2013) difficult to work with, due to the scale, the satellite input, and characteristics of the transitional marshes themselves that make them very dynamic (the coverage moves easily), because of climatic conditions throughout the year and physical characteristics of the soil. Hansen et al. (2013) do not take into account the degradation of forest shrubland, an important process with a very high probability of complete deforestation. We estimated 189,945.84 ha involved in this process in 23 years, with a mean of 8,258.51 ha year -1 . We therefore conclude, without taking into account the lack of coherence between given patches under this category for the region, that the estimated deforestation number provided by Hansen et al. (2013) for the region of 9,405 ha year -1 falls far short of the total gross transformation (deforestation and degradation) reported in this study of 26,649.36 ha year -1 . Moreover, when we compared the regions of overlap of the two methods, we observed a large amount of confusion in the classification of shrubland, grasslands, and areas subject to flooding, which puts in doubt the ranges for the region presented by Hansen et al. (2013) because of the lack of verification in the field. This does not imply that the study is not valuable; it accurately notes many of the areas with no vegetation and provides an annual report of what occurred during the period evaluated.
However, it is important to be cautious about using Hansen et al.'s (2013) information as a baseline for initiatives such as REDD+, or for establishing official deforestation numbers, because of the lack of data to validate information on regions evaluated, degradation of woodlands and its causes, speed and acceleration of transformations, and, above all, vegetation patterns where impacts were generated. For a full picture of deforestation in any region it is essential to perform a combined analysis that includes the phenomena of degradation, transformation, and gain, together with knowledge of vegetation types and coverages beyond a simple interpretation of forest vs. nonforest. As a result, separate analyses of individual variables involved in deforestation lead to deficient interpretations.
Net historical deforestation and degradation between 1987 and 2010
During the period evaluated (23 years), the region suffered a net loss (balance among deforestation, degradation, and recuperation) of its natural coverage of close to 233,463 ha (Table   5) , which is the sum of the total net losses of forest-dominated surfaces (conserved forests with various levels of intervention), or 169,425 ha, and the net losses for tall and medium shrubland, around 64,038 ha. The surface net gains measured 47,780 ha for the natural vegetation. These gains can be considered net degradation when they represent an increase in shrubby communities or an increase in the structural quality of individuals (recuperation of cleared areas) for shrubland far away from the intervention, and belonging to conserved vegetation types.
Areas dominated by deforestation from anthrogenic sources registered a net addition of 185,683 ha, representing the coverage with the greatest growth in the study area. In some of the conserved forests located in foothills near Paramillo National Park, net losses by deforestation and degradation could be considered small (fewer than 5,000 ha) if compared with transformations that have occurred in the low and flat areas of the region. It is important to note that the flooding caused by the construction of the Urrá dam during this period was not taken into account in the calculations. A land-use change of this size would generate a very high transition rate, which introduces significant error in the results, their interpretations, and potential predictive models.
There are two mechanisms that result in deforestation: one involves the clearance of elements of all forest strata through logging, the other a slow process of continuous and selective degradation of some of those elements. As shown in Table 5 and In forests that registered different intervention levels, the net surface losses were close to 162,483 ha (Table 5, Bttf2/Call-Abu), with around 25,574 ha lost.
The only vegetation type that showed significant net gains in surface, with an increase of 6,814 ha, was the association Xylopio aromaticae-Tapiriretum guianensis (20. Bmhtf2/Xar-Tgu), a community established in very humid climates with high intervention.
With regard to the net degradation of forests with coverages of less complexity (tall and medium shrubs), the largest increase, around 22,763 ha, was recorded for tall shrubland in semihumid to humid climates with high intervention belonging to the association Cinnamomo triplinervis-Apeibetum asperae (44. Mhttf2/Ctr-Aas), followed by an increase of about 10,000 ha for tall shrubland in semihumid climates with high intervention belonging to the association Cordio alliodorae-Attaleetum butyraceae (51. Mttf2/Call-Abu).
Results in global and local contexts
In Their results support our evaluation and analysis of deforestation as far as the impossibility that deforestation numbers could be decreasing, as reported by the FAO and the IDEAM, given current worldwide conditions, including the rate of population growth and the resulting unstoppable demand for goods and services.
of around 62% during the study period (from 4.04 x 10 6 ha year -1 for the decade after 1990 to 6.54 x 10 6 ha year -1 for the decade after 2000). However, it is important to note that this approach doesn't take into account structural degradation from multistratified arboreal vegetation to communities of less complexity, such as shrubland, an issue that significantly affects the final values as is demonstrated in this contribution. In addition, their method lacks information on vegetation patterns that dominate a given surface, which precludes explaining and contextualizing much of the transformation that occurred within the evaluated scenarios for a particular region and its surroundings. however, they do not indicate anything about its precision and accuracy with regard to the reality of the territory, despite the existence of a coherent classification in the high-resolution QuickBird images, primarily because the MODIS sensor will never acquire spatial resolution with the applied method.
Another issue we observed in the use of this methodology by Sánchez et al. (2012) is that the attribute of type (seven classes) was assigned through a Random Forest classification using pixels with a size of 6.25 ha. This is problematic, as a study unit of this size could contain any number of coverage types, especially at the edges and in transition zones between types. For this reason, MODIS images are very useful in locating and monitoring coverage changes at the country level, because of their great temporal resolution (regularity). However, they are not appropriate for quantifying deforestation or any other phenomenon that requires a precise measurement.
For a better understanding of the preceding discussion, we can consider that Colombia has close to 114,174,800 ha, which using MODIS images would represent close to 18,267,968 pixels of 6.25 ha each. Alternatively, Landsat images would represent this land area with close to information barely 1.44% of a Landsat matrix (layer, band) and is thus inadequate for evaluating the deforestation phenomenon. It is important to note that, as in the work of Hansen et al. (2013) and Kim et al. (2015) , it is impossible in Sánchez et al. (2012) The estimate for loss of primary forests in Colombia throughout its entire history is about 354,605 km 2 ; that is, 31% of the original forest has already been lost (Rangel, 2014 (Rangel, 2014) . For the Middle Magdalena region (the localities of Bolívar, Cesar, Santander, Boyacá, and Cundinamarca), the estimate of annual forest loss is 81,000 ha (Cárdenas, 2006) . For areas in the Caquetá department in the Amazon, the deforestation rate fluctuated between 25,000 and 40,000 ha year -1 (Etter et al., 2006 ). An extreme case is the continuing deforestation in the 
Conclusion
The utilization rate of forest resources depends essentially on demand. Although in all natural regions, with the exception of the Andean Cordilleras, more than 50% of the natural surface vegetation remains, the weighted value per natural region is approximately 60,000 ha of natural forest that disappears every year because of agriculture and livestock operations or exploitation of mining and energy resources, or 300,000 ha for all regions.
National consumption of timber continues to result in the loss of 128,000 ha of native forest, and around 30,000 ha are destroyed by illegal crops. All of these activities generated a total of 458,000 ha year -1 of forest lost or transformed into secondary vegetation. Because reforestation programs are insignificant (as of 2004 they didn't exceed 100,000 ha), if deforestation continues at the current rate, we will deplete our natural capital (forests, biodiversity) in approximately 144 years.
Although there are current data on global deforestation processes based on high-resolution spatial Landsat sensors (Hansen et al., 2013; Kim et al., 2015) , they are not calibrated; that is, information on the agents, the transforming processes and their dynamics, and natural vegetation patterns established over a given, varied geography is not known. It is important to emphasize that in spite of this weakness, these data are widely used, for example, in the establishment of baselines for REDD+ projects. The results of these recent studies (Hansen et al., 2013; Kim et al., 2015) should be approached cautiously, because they cannot replace detailed analysis of the coverages and deforestation, based on plots and field observations, which takes into account various social, economic, and ecological contexts.
In Colombia, the central government requires accurate numbers and indicators for its development plans, and thus it is urgent that credibility be established for data on imperative issues such the loss and degradation of vegetation coverage (deforestation). It is essential to have reliable baseline numbers for all statistics for the area covered by forests and different vegetation types in Colombia. This can be achieved with a well-planned forest inventory, with the participation of experts knowledgeable about the issues and the region. Unfortunately, despite the fact that Colombia has the highest biodiversity in the world based on richness of vegetation types, currently we do not have a vegetation map to serve as an appropriate reference for these types of measurements. With political support, these basic tools could be acquired in a short time. With a baseline of real statistical numbers, modern technologies (e.g., satellite images) can make it possible to control processes causing changes in vegetation coverage. As we strive for this essential equilibrium point for reliable statistics, the next step will be to urgently promote the declaration of reserve areas, whether at national, departmental, or municipal levels; increase the extension of various protected areas; encourage growth of the network of private protected reserves; and adopt a strategy to control expansion of the agricultural frontier using land-use management plans and outlines (POT and EOT in Spanish). Another important action is the implementation of programs similar to REDD+, which address economic global realities by promoting compensation for environmental services.
In conclusion, deforestation and degradation are the principal threats to forests and 
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Appendix A. Mathematical background
CCA iterative process (Jongman et al., 1995; ter Braak, 1986) As a first step, arbitrary values were assigned to localities or plots, and using those values These results were used to obtain multiple regression coefficients of the weights of records for the sites with values for typified environmental variables. These data were then used to calculate new records for the sites. According to ter Braak (1986) , this is expressed as Equations A3 and A4:
(A3) or in other terms (A4) where zji is the value of environmental variable j at site i, bj is the regression coefficient, and xi is the value of the composed environmental variable incorporated as a new record for the sites.
The new records had to be typified again (mean of 0, variance of 1) and the iterative process stopped when differences between two final iteration processes were minimal and the correlation maximal; otherwise, the process was repeated from the calculation of Equation A1
(uk). Additional axes were calculated from the regression with the addition of an alternate route, 
quadratic dependence of two consecutive axes, using axis orthogonalization (not be confused with the orthogonalization of records, explained below).
Axis orthogonalization (Jongman et al., 1995) Additional axes were obtained by linear regression, in which records of sites for the previous axis were designated f and records of sites used for this new axis were designated x for calculating vector v (Equation A5).
where (A5)
These results were used to calculate a new position of x for each species i using Equation A6. For remaining axes, the procedure was repeated and sites were typified again.
(A6)
Standarization (Jongman et al., 1995) The standardization process began with the calculation of the center of gravity for each site (z) (Equation A7):
Then the dispersion of records for the plots was calculated (S 2 ) using Equation A8.
(A8)
The typified value was calculated using Equation A9.
(A9)
The value of S is equal to the eigenvalue of each axis when iterations reach convergence. 
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In the visual implementation of CCA, it was taken into account that values of plots were extracted from species records using the weighted averages algorithm (WA). (Peña, 2002) The orthogonalization process vectors follow the matrix Equation A10.
Orthogonalization and calibration results
where (A10) and represents the norm or length of a or
Coverages model validation (Cohen, 1960) 
where X is the matrix of confusion. 
